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Abstract: This paper surveys progress in the simulation of evolutionary
learning and characterises some of the mechanisms that have been abstracted.
In nature, mechanisms have evolved that permit increasingly rapid and complex
adaptations to the environment. We observe that evolutionary learning systems
are adopting these mechanisms to tackle harder and harder learning problems.
Extrapolating this trend, we indicate an interesting new direction for future
work on evolutionary learning systems.
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1 Introduction

Nature has been the source of inspiration for many of the paradigms in ma-
chine learning. In this paper, we focus specifically on natural mechanisms and
processes viewed from an evolutionary perspective. Evolutionary computing,
which concerns models of learning based on natural evolution, continues to at-
tract much interest in the machine learning community. The literature, going
back over 30 years, describes numerous learning algorithms based on the simu-
lation of evolution, some of which have been successfully applied to real-world
problems.

However, there are still many difficulties that inhibit still wider applicabil-
ity of these algorithms. For example, even when applied to relatively simple
problem domains, computational cost is high and other approaches frequently
solve the same problem far more efficiently. Two principle reasons for this fail-
ing are (1) many candidate solutions are examined that cannot be interpreted
as valid solutions; and (2) it is difficult to aid evolutionary learning systems
by supplying them with a priori knowledge. Typically, the algorithm begins
tabula rasa, even when relevant domain knowledge is readily available.

One of the aims of this paper is to examine how evolutionary learning
systems address the problem of learning with respect to (1) efficiently search
the space of solutions, (2) exploiting domain knowledge, and (3) producing
results that are intelligible. This paper begins by examining a small subset
of the processes that account for evolution and proceeds to review how these
processes have been modelled in learning algorithms. Finally, we consider the
significance of these processes and indicate directions for further work.
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2 Evolution at a Glance

Before proceeding to consider existing models of evolutionary learning, we be-
gin by examining a few selected mechanisms and processes found in natural
evolution. Our aim is to identify and isolate a few evolutionary ‘milestones’
and assess their contribution to evolutionary learning. These include genetic
mutation and recombination, nervous systems, symbolic reasoning and struc-
tured communication through language. This list does not seek to be complete
and our treatment can necessarily only be at a superficial level—there are
numerous books and journals that address thses subjects individually. We
examine these processes in a chronological approach to mirror their evolution.

2.1 Nature’s Programs

The properties of an organism, such as its morphology, physiology, and be-
haviour are determined by the interpretation of an internal plan. This plan,
the genotype, comprises of information structures that have two levels of inter-
pretation. At one level, information structures may be interpreted as data
that can be manipulated and transformed. At the other level, information
structures may be interpreted as instructions that encode the various charac-
teristics of an organism, or its phenotype. This dual level of interpretation
shares a striking similarity to the instructions or program supplied to a digital
computer. Consequently, evolution and machine learning tackle very similar
problems: the transformation of programs. By studying the processes involved
in natural evolution we seek to find mechanisms that will inspire the design of
machine learning algorithms.

2.2 Necessary Processes for Evolution

It has been argued, [8], that evolution can be accounted for merely by a small
number of stochastic processes. They are reproduction, mutation, competition,
and selection.

Neo-Darwinism asserts that the history of the vast majority of
life is fully accounted for by only a very few statistical processes
acting on and within populations and species [18, p.39]. These
processes are reproduction, mutation, competition, and selection.
Reproduction is an obvious property of all life. But similarly as
obvious, mutation is guaranteed in any system that continuously
reproduces itself in a positively entropic universe. Competition and
selection become the inescapable consequences of any expanding
population constrained to a finite arena. Evolution is then the
result of these fundamental interacting stochastic processes as they
act on populations, generation after generation [22], [35, p.25] and
others. ([8, p.37]).



A consequence of this point of view is that these four processes represent
the foundation from which all the complexity of life has originated.

3 Asexual Reproduction

These four processes are sufficient to allow the genotype to be transformed
such that the phenotype is highly adapted to the organism’s environment.
However, the efficiency of adaptation at this basic level is very poor. Purely
random mutation turns out to be a double-edged sword. As the mutation rate
increases, the possible rate of adaptation also increases, but simultaneously,
there is a higher risk of destructive mutations occurring.

So any organism that exhibits a slightly better means of adaptation than
purely random mutation, will propagate rapidly. Indeed, the processes reported
in the biological literature are far more complex than purely random mutation.
For example, there is increasing evidence to suggest that there exist mechanisms
encoded in the genotype that are able regulate the rate of mutation on parts
of the genotype, [25, 31, 30].

3.1 Simulation of Asexual Reproduction

Evolutionary Programming, [11, 12], is a class of evolutionary algorithms that
is based upon reproduction, selection, competition, and mutation. Mutation
is an operation that causes perturbations in a continuous range of behavioural
diversity while ensuring a behavioural link between each parent and its off-
spring, [10]. Such approaches have been successfully applied to some difficult
real-world problems, (e.g. the travelling salesman problem, [9]).

4 Genetic Recombination

In asexual reproduction, the only changes to the genotype come about by
chance mutations. Offspring are genetically similar, if not identical, to the
parent. With the evolution of genetic recombination, offspring genotypes stem
not only from a small number of changes to the genotype, but are also com-
posed of parts of the genotype from both parents. Therefore, the offspring is
practically never identical to either parent.

Consequently, not only are the changes more frequent, but also the number
of possible genotypes that can be constructed may be significantly larger than
those stemming from a small number of mutations. The offspring genotypes can
be considerable more diverse, and hence there is greater scope for adaptation
to the environment.

So, while sexual reproduction has disadvantages associated with it (e.g.
finding a suitable mate), there is also a significant benefit from the point of
view of adaptation.



4.1 Genetic Recombination Methods

There are several classes of evolutionary algorithm that are based on genetic
recombination. Genetic recombination, or crossover, is used to attempt to
propagate good partial solutions, or building blocks, to subsequent generations.
As described by Goldberg’s building block hypothesis: “instead of building
high-performance strings by trying every conceivable combination, [genetic re-
combination] constructs better and better strings from the best partial solutions
of past samplings”, [14, p.41]. Unfortunately, there is a caveat. The success
of crossover relies on the representation allowing good partial solutions to be
formed. We briefly describe several basic models.

The Genetic Algorithm, [20, 14], is distinguished by a fixed-length binary
string representation and crossover operator that does not affect the length of
the string and may generate illegal representations. An example is illustrated
in Figure 1(a). Some successful applications are described in [15].
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Figure 1: (a) crossover of fixed-length binary strings in genetic algorithms;
(b) crossover of trees of Lisp S-expressions in genetic programming,.

In Genetic Programming, [24], the structures undergoing adaptation are
general, hierarchical computer programs of dynamically varying shape and size.
These are expressed as trees of Lisp S-expressions. New programs are produced
by moving branches from one tree and inserting them into another. This en-
sures that programs created by crossover are also trees and are syntactically
valid. Figure 1(b) shows an example of a crossover operation.

Genetic Logic Programming, [33, 34] is a framework for inducing logic pro-
grams with evolutionary algorithms. A logic program is represented as a num-
ber of trees. The crossover operation is similar to crossover in genetic program-



ming.

5 Nervous Systems

The information reservoir of an organism comprises not solely of that held in
the genotype, but also includes information stored in other ways. For example,
information is stored in the firing properties and topology of nerve cells in
the nervous system. Changes to nerve cell properties allow the organism’s
behaviour to modify and adapt during its lifetime.

Evolutionary adaptation and nervous system adaptation operate at differ-
ent time scales. Evolutionary learning does not influence the organism within
its lifetime and therefore does not permit sufficiently fast adaptation to react
to a dynamic environment. Consequently, changes to the organism’s environ-
ment can only be responded to slowly, requiring of the order of generations not
milliseconds. The nervous system, on the other hand, is one of a set of mech-
anisms that enable rapid adaptive behaviour. Learning in the nervous system
therefore allows plasticity in the behaviour of an organisms, while genetically
determined behaviour (or instinct) tends to be brittle.

5.1 Evolving Neural Networks

Evolutionary learning systems have been constructed that model an evolving
nervous system. The nervous system is modelled by a neural network whose
structure (topology) and weights correspond to interconnections between neu-
rons and their firing properties. Neural architectures are designed by an evo-
lutionary algorithm, similar to those described in previous sections. The geno-
type may encode information about neural network topology, the functions
computed by the neuron (e.g. threshold, sigmoid, etc.), and the connection
weights, [2]. Over several generations, the population evolves towards geno-
types that correspond to high-fitness neural networks. This relation between
evolutionary and neural network algorithms is illustrated in Figure 2.

6 Concepts and Symbolic Reasoning

In the 1920s, Wolgang Kohler studied learning and problem solving in chim-
panzees. In a typical experiment, Kohler placed a chimpanzee in an enclosed
area with a desirable piece of fruit, often a banana, out of reach. The an-
imal had to use nearby objects (e.g. stack several boxes strewn around the
enclosure) in order to obtain the fruit. Several interesting observations were
made: (1) rather than being a gradual trial-and-error process, the solution was
found suddenly; (2) once solved, repeating the problem resulted in few irrel-
evant moves; and (3) the animal was able to transfer what it had learned to
novel situations, [1].
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Figure 2: Evolutionary design of neural networks (adapted from [2]). The
genotype is decoded to determine properties of a neural network. The neu-
ral network, interacting with the environment, adapts to it; and the better
adapted, the greater the probability that the genotype will contribute to the
population of the next generation.

But how networks of neurons achieve this kind of complex behaviour is
still poorly understood and there remain many challenging problems for those
trying to unravel the mysteries of the brain. One popular view is that the
animal constructs an internal representation or model of the environment and
the objects in it. The model might be a map of the environment or an abstract
concept. It is then possible to reason about this model rather than operate on
the world itself.

Objects in the environment are grouped into sets of properties or concepts.
Treating different objects as members of the same concept with the same prop-
erties allows different environmental situations to be responded to in a uniform
way, thus significantly reducing the complexity of the environment. Concepts
may be combined to form propositions, and propositions may be combined
to form further propositions. This combining process may be referred to as
Teasoning.

We now describe evolutionary learning systems that attempt to construct
and manipulate symbolic internal models based on interaction with an envi-
ronment.

6.1 Evolving Symbolic World Models

Logic, the rigorous treatment of reasoning, has been the focus of much study,
originating with Aristotle’s Prior Analytics. Later it was developed into a for-
mal mathematical science in the 19th and 20th century primarily by Boole and
Frege. Logic provides a formal language with which to describe and manipulate
symbolic models of an environment. It is also a representation that is easily



intelligible for humans.

Nevertheless, even though a logic may have well-defined properties, the
conclusions drawn from an internal model may not coincide with the world
it describes. It is therefore necessary for the model to accurately reflect the
world, but the key problem is constructing this model. In the rest of this sec-
tion we survey evolutionary approaches to constructing symbolic world models.
We categorise approaches by their representation language, the search biases
employed, and how background knowledge supplied by a domain expert is ex-
ploited.

Representation Language. A key strength of the genetic algorithm is the
implicit parallelism in the information that is processed. Superficially,
genetic algorithms appear only to process the binary strings in the popu-
lation. However, Holland, [20], demonstrated that the genetic algorithm
in fact processes a large amount of information concerning unseen hy-
perplanes. The significance of this is elaborated by Schaffer, [28]. “Since
there are very many more than N hyperplanes represented in a population
of N strings, this constitutes the only known example of the combinato-
rial explosion working to advantage instead of disadvantage”. However,
the larger the alphabet for each position in the string, the smaller the
number of hyperplanes processed simultaneously. Consequently, a binary
representation allows the optimal degree of implicit parallelism.

The logic-based approaches to evolutionary learning may be categorised
into two classes depending on whether they try to exploit the implicit
parallelism to an optimum. Approaches that attempt to exploit the im-
plicit parallelism associate a logical representation with a binary string.
The evolved binary strings are mapped to a logicals expressions and eval-
uated. Examples of these systems include learning classifier systems,
[29, 19], COGIN, [16], GABIL, [6], REGAL, [13]. An alternative approach
is to abandon the binary representation and the associated optimal im-
plicit parallelism, and to operate on the logical representation directly.
Such learning systems include SiA, [32], GIL, [23], Genetic Logic Pro-
gramming, [33, 34], and EviL1, [27].

Search bias. As the representation language becomes more general and ex-
pressive, the space that must be searched increases combinatorially. In
order to restrict the solution space, mechanisms (or biases) are used to
govern the candidate solutions considered. We briefly cover syntactic,
semantic and preferences biases.

A syntactic bias may ensure that the candidate solutions constructed are
syntactically valid. For example, when a binary string representation is
used, the number of possible strings frequently does not coincide with the
number of possible logical expressions. Consequently, some strings may
have no mapping. An elementary syntactic bias would filter out these



illegal strings. See for example GABIL, [6]. Another approach is to use
a representation which can only form legal representations, e.g. Genetic
Logic Programming, [33, 34].

The well-defined semantics of first order logic permits semantic properties
of logical expressions to be described and used. Semantic biases may
be used to ensure that a candidate solution is logically complete and
consistent with respect to the training examples and that the solution is
itself internally consistent. The use of such logical properties enables the
use of generalisation and specialisation operations as found in Si1A, [32],
REGAL, [13], GIL, [23], and EvIL1, [27].

A further bias is a preference towards simpler candidate solutions.

Background knowledge. Most approaches to evolutionary learning begin
tabula rasa, with an initial population of solutions generated randomly.
Even though there may be expert domain knowledge available, the search
space comprises of many unnecessary candidate solutions. There are es-
sentially two approaches to bringing background knowledge to bear on a
problem.

The first approach is to bias or seed the initial population of candidate
solutions with background information. Consequently, the chances of a
solution containing the background knowledge are increased. Examples
include DoGMA, [17], which places user-supplied background rules into
the initial population. In Genetic Logic Programming, [33, 34], the initial
population includes rules constructed from training examples using the
FoIL inductive logic programming algorithm, [26].

The other approach is to limit the candidate solutions only to those that
are logically consistent with rules and facts supplied by the domain ex-
pert, as in EvIL1, [27].

We have presented a classification of evolutionary approaches to learning
symbolic world models. We draw attention to the fact that there are no evo-
lutionary learning systems that evolve neural networks capable of the kind
of complex behaviour that may be achieved with symbolic representations.
Instead, symbolic world models are manipulated directly, eliminating the in-
termediate neural network representation. The use of first-order logic as the
representation language offers several advantages including comprehensible the-
ories, deductive inference, and easily incorporated background knowledge. In
the next section we consider language and its role in evolutionary learning.

7 Language

Recall from Section 5 that the genotype does not undergo changes within the
lifetime of an organism and that a secondary representation, embodied in the



nervous system, has evolved that permits more rapid adaptation. Consequently,
the information accumulated during an organism’s lifetime is not genetically
propagated to subsequent generations. This learned behaviour is lost at the
end of the lifetime of the organism. However, if an organism were capable of
passing on this learned behaviour, or, more generally, were capable of acquiring
experience from another organism, it may well have a selective advantage over
other organisms that do not have this capacity. Indeed, mechanisms have
evolved that allow information acquired during the lifetime of an organism to
be propagated.

One such mechanism is the Baldwin effect. In 1896, Baldwin [3] proposed
that the ability of an individual to learn can guide the evolutionary process.
Furthermore, abilities that initially require learning are eventually replaced
by the evolution of genetically determined mechanisms that do not require
learning. Consequently, there is a gradual transferral of learned behaviours
into the genotype. However, this process is slow, requiring of the order of
generations for the learned behaviour to become genetically determined.

Another mechanism that avoids the loss of information acquired during the
lifetime of an organism is language. A language provides a common framework
for expressing the combination of symbols to describe complex notions such as
an organism’s environment. It permits the communication of information in a
highly structured way and allows the exchange of information about symbolic
world models. Language therefore provides a mechanism to avoid losing learned
information at the end of an organism’s lifetime. This description is necessarily
oversimplistic, however, our aim is to highlight role of language as a mechanism
for communicating symbolic world models.

In Section 9.2 it is demonstrated that communication in multi-agent search
can significantly improve search performance over a non-cooperative search.
The genetic algorithm has also been considered from the point of view of co-
operative search, [4]. The population is viewed as a set of cooperating agents,
and a generation is one of many repeated encounters among agents. During
crossover, agents communicate parts of their solution (or schemata) to other
agents. Test cases were presented that suggest that the genetic algorithm may
at times yield a behaviour similar to a cooperative search.

There exist evolutionary learning systems that model agent communication
in the form of recombination, as described in Section 4.1. There exist also
languages for agent communication, such as KQML, [7], and frameworks for
communicating inductive inferences in multi-agent learning systems, [5]. Yet
no descriptions of evolutionary learning systems that employ language to im-
plement communication have been found in the literature.



8 The Tinkerer’s Evolving Toolbox?

The previous sections have described several milestones in evolutionary history
and surveyed processes that have been abstracted to construct evolutionary
learning algorithms. These algorithms all implement the processes of repro-
duction, selection, and competition and differ primarily in the underlying rep-
resentation and the operators that produce variation.

The types of variation, listed in Table 1, progress from chance mutation
to increasingly complex adaptive mechanisms. Indeed, there appears to be
a trend: from elementary beginnings, mechanisms have developed that permit
increasingly complex adaptations to the environment through modifications to
their morphology, physiology and behaviour.

| Variation Mechanisms |

mutation

mutation + recombination

mutation + recombination + nervous system

mutation + recombination + nervous system + reasoning

mutation + recombination + nervous system + reasoning + language

Table 1: Variation Mechanisms in Evolutionary Adaptation

The work in evolutionary algorithms has reached the point where mutation,
recombination, and nervous systems have been modelled. However, the litera-
ture reports no progress in developing the next step: evolving neural networks
capable of reasoning. It is perhaps significant to point out that the evolution of
reasoning from the nervous system took a very long time, even by evolutionary
timescales. Therefore, it is perhaps unrealistic to expect to evolve reasoning in
neural networks when time and computational resources are limited.

It appears that the variation mechanisms are implementing the following
two processes: (1) the capability to adapt rapidly; and (2) allowing information
to be steadily passed from generation to generation. If this is the case, then
directly evolving symbolic world models may prove a suitable replacement for
further complexities, such as neural networks and the Baldwin effect.

9 An Analysis

In order to better understand the success of learning systems based on natural
evolution, it would be invaluable to comprehend the role and significance of
the evolutionary processes described in Section 2. We attempt to do this by
drawing on analyses of computational models of evolutionary learning. There is
of course no guarantee that computational models accurately reflect biological

2The title of an article by Moxon and Thaler [25]
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processes. Nevertheless, we hold that some useful abstraction must have been
made as many of these models successfully tackle real problems.

9.1 Reproduction, Selection, and Competition

Reproduction, selection, and competition together play the role of determin-
ing which organisms will contribute to the next generation. As such, these
processes may be viewed as resource allocation mechanisms that implement
the following policy: those genotypes that fare best in the environment have a
greater chance of constructing the next population.

Analysis of genetic algorithms, [20, 14], show the efficiency of this resource
allocation. If we assume a part of an encoding (or schemata), k, of an indi-
vidual is attributed a fitness that remains consistently above the average over
several generations, then the number of instances of k¥ will obey a geometric
progression, and will exhibit exponential growth in frequency. That is, repro-
duction, selection and competition can propagate exponentially increasing and
decreasing instances of a piece of information.

9.2 Communication and Cooperative Search

It may be observed that different mechanisms have evolved that facilitate the
interaction of biological entities allowing information to be exchanged. Exam-
ples include genetic recombination, the interaction of neurons, and, at a higher
level, human language. This repeated occurrence is a curious phenomenon and
begs investigation of the significance of communication. To do this we examine
communication from the point of view of multi-agent search.

The performance characteristics of interactive processes engaged in cooper-
ative problem solving has been examined by Huberman, [21]. It was shown that
for a wide class of problems, there is a highly nonlinear increase in performance
due to the interactions between agents.

As a specific example, consider the problem of searching a d-dimensional
vector, each of whose components can take b different values. The search
problem involves finding a goal state among the b¢ possible states.

However, suppose n agents cooperate on the solution of this problem, and
that the problem is completed by the first agent to find the solution. Agents can
exchange information, or hints, regarding the likely location of the goal state
within the space. The effect of good hints is to move the goal state towards
the beginning of the sequence of states examined by an agent. However, hints
may not always be good and so can lead to an increase in the states that need
to be examined.

Providing certain assumptions are observed, Huberman showed that the
speed with which an agent finds solutions is distributed according to a log-
normal distribution, similar to the one shown in Figure 3. This distribution
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is highly asymmetric with a long tail, signifying an enormous range of per-
formance among the individual agents. This extended tail describes the im-
provement in performance due to the increased likelihood of having a few high
performers when agents exchange hints.

pdi(s)

Speed s

Figure 3: The distribution of agents according to their search performance S.
The solid curved represents the case where agents do not communicate, while
the dashed curve represents the interacting case. The curve is asymmetric since
S cannot be less than zero, yet reaches very high values with non-zero proba-
bility. It is this long tail in the interacting case that indicates the improvement
in performance. (adapted from [21]).

The performance of top performers increases in a highly nonlinear, mul-
tiplicative way as the population is composed of more diverse agents and as
agents are more cooperative. This implies that the performance of a collection
of cooperating agents on average increases through the exchange of hints®.

This theoretical result provides a candidate explanation for the frequent
evolution of communication between organisms.

10 Discussion

Through evolutionary history, mechanisms have evolved that permit increas-
ingly rapid and complex adaptations to the environment. In this survey we have
presented a selection of evolutionary learning systems characterising them by
the mechanisms that have been abstracted, and in particular drawing atten-
tion to their relative positions on the timeline of natural evolution. A set of
necessary processes was identified, which comprise of reproduction, selection,
competition, and a source of variation. As we progress down the evolutionary
timeline the mechanisms for causing variation become increasingly complex.

3Further results quantifying the increase in performance may be found in [21].
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It was shown that agent communication leads to highly nonlinear increases
in agent performance and more complex forms of agent communication, such
as language, promises to be a fruitful area for further investigation.
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